Abstract-We propose to use the variation in input impedance of a single on-body antenna to classify human activities. The reflection coefficients of a single on-body antenna are shown to exhibit unique time-varying features for various daily activities. Employing seven human subjects, six different activities are measured by two antenna placements at three operating frequencies. A dynamic time-warping algorithm is introduced to classify the human activities. We find that the classification accuracy can be as high as 98% when the antenna is placed on the chest and operates at 433 MHz. The classification accuracy in terms of the time-window size is also presented and discussed.
I. INTRODUCTION

M
ONITORING of human activities has a number of important applications in preventive healthcare, biomechanics research, sports science, computer gaming, and security surveillance [1] - [3] . Until now, the most accurate activity recognition method has been based on optical motion-capture system, which utilizes multiple cameras to track body movements from different viewing angles [2] . However, this approach is restricted to laboratory environment and requires an expensive equipment setup as well as careful camera calibrations. Tracking a human-subject motion in daily lives using a wearable system is desirable for activity recognition. Miniaturized wearable sensors consisting of accelerometers, gyroscopes, and magnetometers have been successfully developed. Experimental trials have shown that up to as many as 20 activities can be distinguished with satisfactory classification accuracy [3] .
More recently, researchers have exploited the use of an onbody wireless channel to classify human motions [4] , [5] . Transmitting and receiving antennas are placed on different parts of a human body (e.g., wrist and waist), and the transmission channel between two antennas is recorded while a subject performs daily activities. For a fixed transmission power, the receiving signal strength exhibits unique time-varying features for different activities, which can be used for motion-recognition purposes. Initial experimental studies with this method show promising results. Moreover, this on-body wireless channel method is more power-efficient and low-cost because it does not rely on specialized physical sensors such as accelerometers that also require a wireless channel to transmit data. While the aforementioned dynamic on-body wirelesschannel-based method can achieve satisfactory classification results, it requires the use of two antennas for receiving signal strength measurement. The objective of this paper is to use a single on-body antenna and its reflection coefficient S 11 for activity-classification purposes. Human body movements, even as small as heartbeat and respiration, are well known to perturb the near-reactive fields of an on-body antenna. This perturbation can result in the change in the input impedance and shift in resonant frequency ("frequency-detuning effect"). Serra et al. have successfully extracted both heartbeat and respiration rates from the reflection coefficients of a single on-body antenna [6] . An et al. have developed a vital sign-detection sensor based on the reflection coefficient variance from a wearable antenna [7] . However, the use of a single on-body antenna to classify human daily activities has not been fully investigated. In this study, we measure the variation in the reflection coefficient of an on-body antenna with time while seven subjects perform six different activities. Based on the measured S 11 data, we apply a dynamic time-warping (DTW) algorithm and investigate the feasibility of classifying human activities.
The remaining parts of this paper are organized as follows. Section II presents the experimental setup and measurement results. Section III introduces the DTW algorithm for the classification purpose, and the resulting classification accuracy is discussed. Section IV summarizes the paper.
II. EXPERIMENTAL SETUP AND RESULTS
The experimental setup and measurement results are described in this section. Two on-body locations, namely chest and the right wrist, are selected for the antenna placement, as shown in Fig. 1 (a) and (b). The antennas are quarter-wave monopoles made of 18-gauge copper wire and placed on a finite-size, "bridge-shaped" ground. Three sets of antennas are designed to resonate at 433, 915, and 2450 MHz, which correspond to the center frequencies of the bands commonly used for wireless body area networks [8] . As the subject moves, the S 11 at two locations are recorded using a vector network analyzer (VNA) under continuous-time mode with a sampling frequency of 120 Hz.
Seven volunteers participate in the data-collection process. Table I lists the height, weight, and age of all subjects. Each subject performs six different activities, namely single arm 1536-1225 © 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications standards/publications/rights/index.html for more information. swinging, both arms swinging, boxing, rowing, hopping, and sitting, as shown in Fig. 2 . Each experimental trial is measured for 20 s two times, and the subject is asked to repeat the experiment at all three frequencies. In total, 252 experimental datasets were collected (seven subjects × six activities × three frequencies × two trials). First, we show one experimental trial result to illustrate how on-body antenna input impedance varies during an activity. Fig. 3 plots input impedance variation of a 433-MHz antenna placed on subject I's chest when he is performing single arm swinging activity. It is observed that the resistance varies from 44 to 50 Ω and the reactance varies from -27 to -10 Ω. Fig. 4 (a) and (c) plot the associated S 11 magnitude and phase for the same experimental trial. It is shown that both magnitude and phase data exhibit unique patterns of variations; and such variations of signals, rather than their true values, can be utilized for classification purposes. Therefore, we normalize both S 11 magnitude (ranging from 0 to 1) and phase (ranging from 0 to 180
• ) to highlight their patterns of variations among different activities. The normalized magnitude and phase are shown in Fig. 4(b) and (d), respectively. Fig. 5 shows the normalized S 11 magnitude and phase data when the six activities are measured at 433 MHz and the antenna is placed on the chest, and Fig. 6 shows those when the antenna is placed on the right wrist. In the figures, the solid curve represents the data of a male subject, and the dashed curve represents those of a female subject. The plots exhibit unique time-varying periodic patterns for different activities, implying the possibility of classifying activities based on the antenna reflection coefficients.
III. CLASSIFICATION
To classify human activities based on the aforementioned measured reflection coefficients of the antenna, a DTW algorithm is introduced. DTW was first proposed by Sakoe and Chiba to measure the similarity of two signals to process spoken words and has been widely applied in research areas of speech recognition, image recognition, and bioinformatics [9] . The unique advantage of DTW is its capability to calculate the degree of similarity between two temporal signals when variations in time and speed exist. This characteristic makes it ideal for the classification in this research because all human activities have slight variations in time. DTW finds the path that maximizes the local match between two temporal data. The total cost is a good indication of how well two signals match, which can be used for classification purposes. Previously, we successfully applied DTW to on-body creeping wave-transmission data for pattern recognition. The detailed description of the algorithm can be found in [10] . In this study, we randomly choose five 10-s sample data for each activity as references. When a new activity is measured, we compare the new input data to the references and calculate the total similarity to determine its class. The process is shown in Fig. 7 . To calculate the classification accuracy at a single frequency, we extract 10 test data from each activity among the measured dataset. Therefore, the total dataset becomes 420 (6 activities × 7 subjects × 10 realization) for a given measurement frequency. The length of the extracted test data is the same as that of the references, which is 10 s. The input to the DTW becomes the magnitude or phase of S 11 . In addition, we also investigate the classification accuracy when both the mag- nitude and phase of S 11 are simultaneously inputted to the DTW because the DTW can handle multiple input vectors. Fig. 8 shows the classification accuracies based on the: (a) magnitude of S 11 , (b) phase of the S 11 , and (c) combination of both. Fig. 8(a) shows that the antennas on the chest and on the right wrist yielded similar classification accuracy at 433 and 915 MHz. The highest value (91.67%) is achieved for the antenna placed on the chest at 433 MHz. On the other hand, at 2.45 GHz, the accuracy from the chest antenna was much higher than that at the wrist. Fig. 8(b) shows a trend similar to Fig. 8(a) , confirming that the phase of S 11 also contained significant information regarding the activities. Fig. 8(c) shows that we are able to achieve classification accuracy of more than 98% when the magnitude and phase are combined for the chest antenna placement and more than 96% for the wrist antenna placement. In addition, Fig. 8 shows that the highest accuracy is achieved at 433 MHz, and the value dropped as the frequency increases. This result can be attributed to the fact that the region occupied by the near-reactive field of the antenna shrinks as the frequency increases, making the antenna reflection coefficients less sensitive to human motions.
We also compare the classification results between our singleantenna-based approach and the previous two-antenna-based method. In [4] , the authors reported average classification accuracies of 77.5% using a two-feature study and 95% using a five-feature study. Both values are below our highest classification accuracy number 98.9%.
Finally, we explore the effect of the time-window size on the classification accuracy using the DTW algorithm in our application. Fig. 9 shows the DTW classification accuracy versus time length of the input data. We observe that the classification accuracy improved as the length of the input data increased. We find that the accuracy value saturated after 10 s, which was used for the input length in our test. The maximum period of the motions from the seven subjects was approximately 5 s. However, we should note that the computational time also increased as the length of the input data increased.
IV. CONCLUSION
We have found that both magnitude and phase of the onbody antenna reflection coefficients can be effectively used for activity classification purposes. The DTW algorithm was introduced, and it successively computed the classification accuracy. The experimental trials demonstrated that the reflection coefficient data collected at 433 MHz could yield the highest classification accuracy because the near-reactive field of the antenna was the largest among the three tested frequencies. The highest classification accuracy was found to be 98.9% when both magnitude and phase of S 11 were combined for the 433-MHz antenna placed on the chest. The effect of the time-window size in the DTW was also investigated, and we found that minimum 10 s is required as length of the input data for the high accuracy classification.
Although the S 11 measurements were performed using a VNA in this letter, such a function can be implemented in wearable communication devices like smartphone and wristband. In [6] , the researchers have proposed using a sensitive phase detector to measure the phase of antenna reflection coefficients. In [7] , the authors have successfully implemented a highly sensitive, power-efficient circuit used in handheld communication devices to measure the magnitude of S 11 .
Future works can include measurements of diverse antenna placements and more nonperiodic and irregular motion activities. In particular, lower limb movements will be considered to investigate whether they can be captured by the reflection coefficients of the antenna. In addition, the monopole antenna size at 433 MHz is quite large and requires miniaturization. Electrically small antennas (e.g., folded spherical and folded cylindrical antennas) will be examined in the future. Furthermore, the joint time-frequency analysis can be applied to explore signal characteristics.
